Abstract: This paper presents an automatic reconstruction algorithm of surfaces of revolution (SORs) with a self-adaptive method for generatrix line extraction from point clouds. The proposed method does not need to calculate the normal of point clouds, which can greatly improve the efficiency and accuracy of SORs reconstruction. Firstly, the rotation axis of a SOR is automatically extracted by a minimum relative deviation among the three axial directions for both tall-thin and short-wide SORs. Secondly, the projection profile of a SOR is extracted by the triangulated irregular network (TIN) model and random sample consensus (RANSAC) algorithm. Thirdly, the point set of a generatrix line of a SOR is determined by searching for the extremum of coordinate Z, together with overflow points processing, and further determines the type of generatrix line by the smaller RMS errors between linear fitting and quadratic curve fitting. In order to validate the efficiency and accuracy of the proposed method, two kinds of SORs, simple SORs with a straight generatrix line and complex SORs with a curved generatrix line are selected for comparison analysis in the paper. The results demonstrate that the proposed method is robust and can reconstruct SORs with a higher accuracy and efficiency based on the point clouds.
Introduction
Three-dimensional (3D) surface reconstruction of objects has been a popular research area in computer vision and remote sensing for a long time [1] . Many algorithms have been proposed for surface reconstruction, focusing on complex surfaces or irregular surfaces [2] . Surfaces of revolution (SORs) represent a class of regular surfaces which are generated by rotating a generatrix line around a rotation axis in Euclidean space [3, 4] . The resulting surface, therefore, always has azimuthal symmetry, such as a cone (excluding the base), conical frustum (excluding the ends), cylinder (excluding the ends), prolate spheroid, pseudosphere, sphere, torus, etc. [5] . SORs reconstruction has been widely applied in the field of cultural heritage protection, reverse engineering, computer graphics, computer-aided design, computer-aided manufacturing, and computer vision [6, 7] . They are very common in man-made objects and are of great relevance for a large number of applications. Especially, SORs play important roles in ancient artifacts, such as ancient vases, cups, and plates, and are important structural components of architecture [8] . Precise digital documentation of cultural heritage is essential for its protection and scientific studies carried out during the restoration and renovation process. Therefore, SORs reconstruction is often required for cultural heritage objects, so that in case of unintended human rotation axis of a SOR by a minimum relative deviation among the three axial directions for both tall-96 thin and short-wide SORs automatically; (2) extract the projection profile of a SOR by triangulated 97 irregular network (TIN) construction and random sample consensus (RANSAC) algorithm; and (3) 98 determine the generatrix line of a SOR by searching for the extremum of coordinate Z, together with 99 an overflow points processing, and further determine the type of generatrix line by the smaller RMS 100 errors between linear fitting and quadratic curve fitting. 101
Methods 102
Aiming to improve the efficiency and accuracy of SORs reconstruction, an automatic 103 reconstruction algorithm is presented for point clouds containing only one SOR without outliers, 104 which are points far from the true surface. The outliers of the point cloud are removed by using 1.5 105 times resolution of the used TLS, which is searched by using the KD tree neighborhood search 106 algorithm. If the number of obtained neighborhood points is less than one, it is an abnormal value of 107 the point cloud and will be eliminated. Figure 1 shows the overall flowchart of the presented 108 algorithm, which involves the following three key steps, rotation axis extraction of SORs, extraction 109 of projection profile, and extraction of generatrix line of SORs. Step 1: Rotation axis extraction of SORs
Step 2: Extraction of projection profile
Step 
Rotation Axis Extraction of SORs 113
The purpose of extracting the rotation axis of a SOR is to further extract the corresponding 114 projection profile in Step 2. Generally, there are three axial directions parallel to the three sides of 115 oriented bounding box (OBB), whose main axial direction is extracted by the longest side of OBB [27] . 116
However, there are two kinds of SORs-tall-thin type and short-wide type. For tall-thin type SORs 117 as shown in Figure 2 (a), the acquired axial direction is right by the longest side of OBB, but the wrong 118 axial direction for short-wide type SORs, as shown in Figure 2 (b). Therefore, aiming to resolve the 119 above issue, we propose a self-adaptive method to extract the rotation axis of a SOR by a minimum 120 relative deviation among the three axial directions of OBB for both tall-thin type and short-wide type 121
SORs after quaternion rotation. 122 
Rotation Axis Extraction of SORs
The purpose of extracting the rotation axis of a SOR is to further extract the corresponding projection profile in Step 2. Generally, there are three axial directions parallel to the three sides of oriented bounding box (OBB), whose main axial direction is extracted by the longest side of OBB [26] . However, there are two kinds of SORs-tall-thin type and short-wide type. For tall-thin type SORs as shown in Figure 2a , the acquired axial direction is right by the longest side of OBB, but the wrong axial direction for short-wide type SORs, as shown in Figure 2b . Therefore, aiming to resolve the above issue, we propose a self-adaptive method to extract the rotation axis of a SOR by a minimum relative deviation among the three axial directions of OBB for both tall-thin type and short-wide type SORs after quaternion rotation. 
Quaternion Rotation 125
With the advantage of avoiding gimbal locking, a quaternion can be used to perform arbitrary 126 vector rotation through the origin, which is more convenient and efficient than rotation matrix and 127 rotation vector. Therefore, in this study, the quaternion rotation is used to rotate the extracted axial 128 directions to the Z-axis so that SORs can be in the 3D space along the Z-axis. Generally, any arbitrary 129 quaternion rotation can be completed by only one rotation axis and one rotation angle in the space 130 [16] . Therefore, we denote 
The normalized rotation axis d is calculated by Eq. (2) 134 135
where,
is the unit normal vector of Z-axis. 136
The whole rotational process can be realized by Eq. (3). 137 138
where P denotes the original point clouds, 1 P denotes the rotated point clouds. 139
Extraction of Rotation Axis 140
In this study, according to three different axial directions of OBB, as shown in Figure 3 , three 141 different coordinate systems can be built, the origin of which is the center of OBB. For any SOR, it 142 must be symmetrical to a plane. Therefore, after quaternion rotation for the three axial directions of 143 OBB, the right rotation axis can be determined by the minimum relative deviation between the two 144 parts of the point cloud, which are divided by the plane that cross the origin and contain the Z-axis.
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In this study, aiming to improve the efficiency of extraction of rotation axis, the plane 0 = Y for 146 a b 
Quaternion Rotation
With the advantage of avoiding gimbal locking, a quaternion can be used to perform arbitrary vector rotation through the origin, which is more convenient and efficient than rotation matrix and rotation vector. Therefore, in this study, the quaternion rotation is used to rotate the extracted axial directions to the Z-axis so that SORs can be in the 3D space along the Z-axis. Generally, any arbitrary quaternion rotation can be completed by only one rotation axis and one rotation angle in the space [16] . Therefore, we denote n = [a, b, c] as the normalized axial direction of OBB. Thus, the rotation angle θ, between n and Z-axis, can be calculated by Equation (1) .
The normalized rotation axis d is calculated by Equation (2)
where, n 1 = [0, 0, 1] ∧ T is the unit normal vector of Z-axis.
The whole rotational process can be realized by Equation (3).
where P denotes the original point clouds, P 1 denotes the rotated point clouds.
Extraction of Rotation Axis
In this study, according to three different axial directions of OBB, as shown in Figure 3 , three different coordinate systems can be built, the origin of which is the center of OBB. For any SOR, it must be symmetrical to a plane. Therefore, after quaternion rotation for the three axial directions of OBB, the right rotation axis can be determined by the minimum relative deviation between the two parts of the point cloud, which are divided by the plane that cross the origin and contain the Z-axis. In this study, aiming to improve the efficiency of extraction of rotation axis, the plane Y = 0 for each coordinate system is used to divide the point cloud into two parts. The detailed algorithm is shown as follows.
(1) Denote M as the number of points in the point cloud, and further divide the point cloud into two parts by the plane Y = 0. (3) The relative deviation σ is calculated by σ = |M/N − 2| to evaluate the distribution of the divided two-part point clouds.
(4) The axial direction with a minimum relative deviation σ is the right axial direction to obtain right rotation axis from the three axial directions.
(5) At last, the rotation axis is extracted by the improved iterative method to obtain rotation axis [15, 27] . Figure 3 shows an example of rotation axis extraction for a straw-hat, which is a short-wide type SOR. The point cloud is divided into two parts by the plane Y = 0 according to axial directions 1, 2, and 3 shown in Figure 3a . Table 1 shows the relative deviations of the three rotation axes from axial directions 1, 2, and 3 after quaternion rotation. For axial direction 2, the acquired relative deviation is 0.02, which is far less than 0.613 and 1.586 for axial directions 1 and 3, respectively. Thus, we can get the right rotation axis from axial direction 2. Moreover, as shown in Figure 3b ,d, the two parts of the point cloud are similar, which are divided by the plane Y = 0. However, due to the different positive direction of the Y axis, the number of points in the corresponding above and below parts is different between the results according to axial direction 1 and axial direction 3, respectively. For example, the number of the top part M − N of the point cloud is obtained by meeting the condition of Y ≤ 0 according to axial direction 1 as shown in Table 1 , but the number of top part N of the point cloud is obtained by meeting the condition of Y > 0 according to axial direction 3, as shown in Table 1 .
each coordinate system is used to divide the point cloud into two parts. The detailed algorithm is 147 shown as follows.
148
(1) Denote M as the number of points in the point cloud, and further divide the point cloud 149
into two parts by the plane 
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(5) At last, the rotation axis is extracted by the improved iterative method to obtain rotation axis 157 [23, 28] . 158 Figure 3 shows an example of rotation axis extraction for a straw-hat, which is a short-wide type 159 SOR. The point cloud is divided into two parts by the plane 0 = Y according to axial directions 1, 160 2, and 3 shown in Figure 3 (a). Table 1 shows the relative deviations of the three rotation axes from 161 axial directions 1, 2, and 3 after quaternion rotation. For axial direction 2, the acquired relative 162 deviation is 0.02, which is far less than 0.613 and 1.586 for axial directions 1 and 3, respectively. Thus, 163
we can get the right rotation axis from axial direction 2. Moreover, as shown in Figure 3 (b) and Figure  164 3 
Extraction of Projection Profile
The purpose of the extraction of projection profile is to further extract the point set of the generatrix line of SORs in Step 3. Aiming to improve the efficiency of SORs reconstruction, we propose to extract the projection profile of a SOR by the TIN model and RANSAC algorithm, which is shown as follows.
Denote the projection plane of a SOR as Equation (6) .
where, (A, B, C) are the normal of the projection plane, and D is the distance from the original point to the projection plane. It is generally known that at least three points on the projection plane are needed to determine the equation of the projection plane. The algorithm of determining the three points are shown as follows: (1) Determine the center of the top and bottom of the model expressed as
, which are calculated accurately by the following algorithm: (1) Traverse the point cloud to seek the maximum and minimum value of coordinate Z, and then determine the point sets on the top and bottom with a preset threshold of 1.5 f ( f is the resolution of the used TLS); and (2) As the obtained point sets of the top and bottom usually contain some internal points, if the RANSAC algorithm is directly used to fit the circular contour, the internal point will be used, which will fit the wrong circular contour. Therefore, in this study, the TIN model is firstly constructed based on the above point sets. If there is an edge belonging to only one triangle, this edge must be a boundary of which the two endpoints must be accurate boundary points. Then, the RANSAC algorithm is applied to fit the circular contour to obtain the center of the top and bottom of the model. Figure 4a shows a point set of the top of a straw-hat. Figure 4b is the constructed TIN model. Figure 4c is the fitted circular contour of the top by the proposed method in the paper, which is better than the fitted circular contour by RANSAC algorithm directly as shown in Figure 4d . (2) As the outliers of the point cloud have been removed by using the KD tree neighborhood search algorithm, the model just needs any point on the point cloud to determine the projection plane together with the accurate center of the top and bottom of the model. In this study, aiming to improve the efficiency of extraction of projection profile, a point near to the center of bottom of the model is selected as the third point, which is expressed as 
Extraction of Projection Profile 180
The purpose of the extraction of projection profile is to further extract the point set of the 181 generatrix line of SORs in Step 3. Aiming to improve the efficiency of SORs reconstruction, we 182
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where, (A, B, C) are the normal of the projection plane, and D is the distance from the original 187 point to the projection plane. It is generally known that at least three points on the projection plane 188 are needed to determine the equation of the projection plane. The algorithm of determining the three 189 points are shown as follows: (1) Determine the center of the top and bottom of the model expressed 190 as ( )
, which are calculated accurately by the following algorithm: (1) 191
Traverse the point cloud to seek the maximum and minimum value of coordinate Z, and then 192 determine the point sets on the top and bottom with a preset threshold of 1.5 f ( f is the resolution 193 of the used TLS); and (2) As the obtained point sets of the top and bottom usually contain some 194 internal points, if the RANSAC algorithm is directly used to fit the circular contour, the internal point 195 will be used, which will fit the wrong circular contour. Therefore, in this study, the TIN model is 196 firstly constructed based on the above point sets. If there is an edge belonging to only one triangle, 197 this edge must be a boundary of which the two endpoints must be accurate boundary points. Then, 198 the RANSAC algorithm is applied to fit the circular contour to obtain the center of the top and bottom 199 of the model. which is better than the fitted circular contour by RANSAC algorithm directly as shown in Figure  202 4(d). (2) As the outliers of the point cloud have been removed by using the KD tree neighborhood 203 search algorithm, the model just needs any point on the point cloud to determine the projection plane 204 together with the accurate center of the top and bottom of the model. In this study, aiming to improve 205 the efficiency of extraction of projection profile, a point near to the center of bottom of the model is 206 selected as the third point, which is expressed as ( ) According to the obtained three points on the projection plan, the parameters of Equation (6) A, B, and C can be calculated by Equation (7), and parameter D can be obtained by Equation (8) .
The distance d from each point (x, y, z) to the projection plane is calculated by Equation (9).
At last, the corresponding projection point p can be expressed by Equation (10) .
In this study, aiming to improve the efficiency of extraction of projection profile, the projection plane of a SOR is defined parallel to the XOZ plane, of which normal A and C are 0. Therefore, the corresponding projection point p can be expressed by Equation (11) .
Take the point cloud of a straw hat as an example. By traversing the point cloud to obtain the corresponding projection points, the extracted projection profile of a straw hat is shown in Figure 5 . 
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In this study, aiming to improve the efficiency of extraction of projection profile, the projection 219 plane of a SOR is defined parallel to the XOZ plane, of which normal A and C are 0. Therefore, the 220 corresponding projection point p can be expressed by Eq. (11) . 221
Take the point cloud of a straw hat as an example. By traversing the point cloud to obtain the 222 corresponding projection points, the extracted projection profile of a straw hat is shown in Figure 5 . 
Extraction of the Generatrix Line of SORs 227

Extraction of the point set of boundary X 228
Aiming to extract the point set of the generatrix line of SORs, the point set of boundary X 229 (boundary of projection profile) is determined by searching for coordinate Z with a moving step 230 length d , which is calculated by Eq. (12) . 231 232 Figure 5 . Original point-cloud (gray points) and the extracted projection profile of a straw hat (magenta points).
Extraction of the Generatrix Line of SORs
Extraction of the Point Set of Boundary X
Aiming to extract the point set of the generatrix line of SORs, the point set of boundary X (boundary of projection profile) is determined by searching for coordinate Z with a moving step length d, which is calculated by Equation (12) .
where, Z max and Z min are the maximum and minimize value of coordinate Z, and n is the number of the points in the point cloud. The schematic diagram of the implementation process is shown in Figure 6 . The specific process is shown as follows: (1) Traverse the projected points to obtain the extreme value of coordinate Z, including the minimum value of P(X i , Z min ) and the maximum value of P(X j , Z max ). coordinate X, the minimum value of P(X min , Z i ), and the maximum value of P(X max , Z i ) within the range from
Coordinate Z is added by a step d, and then step (2) is repeated until the coordinate Z is (Z max + d/2) acquired for all of the extreme values of coordinate X within the range. (4) Obtain the point set of boundary X of the projection profile by connecting the extreme points of coordinate X. As shown in Figure 6 , the point set of boundary X of the projection profile consists of the red points.
( ) (12) where, max Z and min Z are the maximum and minimize value of coordinate Z, and n is the 233 number of the points in the point cloud. The schematic diagram of the implementation process is 234 shown in Figure 6 . The specific process is shown as follows: (1 connecting the extreme points of coordinate X. As shown in Figure 6 , the point set of boundary X of 242 the projection profile consists of the red points. 243 
Extraction of the Point Set of the Generatrix Line of SORs 246
As irregularity of the projected point clouds and errors inevitably exist, it is hard to avoid the 247 errors of overflow points (duplication of boundary points) for the above extracted point set of 248 boundary X of the projection profile. Therefore, in the paper, the neighborhood search method is 249 adopted to remove overflow points for the point set of boundary X to extract the point set of the 250 generatrix line. Denote f as the resolution of the point clouds, which is equal to the resolution of 251 the used TLS, and R is the radius of the neighborhood search ( f R 1 1. = ). If the number of points 252 in the neighborhood is 0, then delete the point, otherwise, retain the point. 
Extraction of the Point Set of the Generatrix Line of SORs
As irregularity of the projected point clouds and errors inevitably exist, it is hard to avoid the errors of overflow points (duplication of boundary points) for the above extracted point set of boundary X of the projection profile. Therefore, in the paper, the neighborhood search method is adopted to remove overflow points for the point set of boundary X to extract the point set of the generatrix line. Denote f as the resolution of the point clouds, which is equal to the resolution of the used TLS, and R is the radius of the neighborhood search (R = 1.1 f ). If the number of points in the neighborhood is 0, then delete the point, otherwise, retain the point. Figure 7a shows an extracted point set of boundary X containing overflow points for a straw hat, and Figure 7b shows the processed point set of boundary X without overflow points, which is the acquired point set of the generatrix line. 
Generatrix Line Fitting 261
Generally, the generatrix line of a SOR is a curve. However, for some special SORs, such as a 262 cone, a conical frustum, and a cylinder, the corresponding generatrix line is straight. Therefore, 263
aiming to improve the efficiency of automatic SORs reconstruction, we propose a self-adaptive 264 method to determine the type of generatrix line. The acquired point set of the generatrix line is first 265 made by linear fitting with the total least squares method and curve fitting by the quadratic curve 266 fitting method, respectively [28] [29] [30] . Then, the type of the generatrix line is determined by choosing 267 the method corresponding to smaller RMS errors. At last, the entity model of SORs is constructed by 268 the solid geometry (CSG) method based on the extracted rotation axis and the fitted generatrix line.
269
The quadratic curve fitting method is described as follows.
270
Define the implicit equation of the quadratic curve by Eq. (13). 271 272 2 2 a b Figure 7 . Overflow points processing. (a) The extracted point set of boundary X containing overflow points and (b) the processed point set of boundary X without overflow points.
Generatrix Line Fitting
Generally, the generatrix line of a SOR is a curve. However, for some special SORs, such as a cone, a conical frustum, and a cylinder, the corresponding generatrix line is straight. Therefore, aiming to improve the efficiency of automatic SORs reconstruction, we propose a self-adaptive method to determine the type of generatrix line. The acquired point set of the generatrix line is first made by linear fitting with the total least squares method and curve fitting by the quadratic curve fitting method, respectively [27] [28] [29] . Then, the type of the generatrix line is determined by choosing the Remote Sens. 2019, 11, 1125 9 of 20 method corresponding to smaller RMS errors. At last, the entity model of SORs is constructed by the solid geometry (CSG) method based on the extracted rotation axis and the fitted generatrix line. The quadratic curve fitting method is described as follows.
Define the implicit equation of the quadratic curve by Equation (13) .
where, A, B, C, D, E, F are the coefficients of the quadratic curve.
Q(x, y) 2 and obtain the minimum value I min from all discrete points in the plane (x i , y i )(i = 1, 2, 3 . . . n). Then, we can obtain the following results, shown as Equation (14).
For the above homogeneous equations, it is clear that only zero solution satisfies them, i.e., A = B = C = D = E = F = 0. Furthermore, in order to obtain an effective solution, a hypothetical condition of variable A = 1.0 is added to get a new solution, shown as Equation (15) .
Using the same method, B, C, D, E, and F are supposed to be 1.0 to obtain the following five groups of solutions.
In order to avoid a bigger error caused by the single solution, a linear combination is defined from the six groups of solutions, shown as Equation (21) .
Furthermore, combination coefficients α i (i = 1, 2, 3, 4, 5) can be determined by Equation (22) .
In order to obtain the minimum value of S, Equation (23) is founded.
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Equation (23) is further expanded to acquire nonhomogeneous linear equations, shown as Equation (24) .
According to Equation (24), the value of α i (i = 1, 2, 3, 4, 5) can be obtained. Furthermore, let
α i , the coefficients A, B, C, D, E, F of the quadratic curve can be obtained, which are shown as Equation (25) .
Experiments and Analysis
In order to validate the efficiency and accuracy of the proposed method, the reconstructed SORs of the geometric objects by the use of the proposed method are firstly compared with the curvature computation method [24] , and then compared with other surface reconstruction methods, including the Delaunay-based method [30] , the Poisson method [31] , and the radial basis function (RBF) method [32] , respectively. All of the above point clouds for the experimental SORs are acquired by a Z+F Imager 5016 scanner, of which the measurement accuracy is better than 1 mm with a measuring distance of less than 50 m. In the paper, the point cloud processing for SORs reconstruction and results analysis are both performed by the use of 3D Spatial Data Hyperfine Modeling System as shown in Figure 8 
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Comparison with the Curvature Computation Method
In this study, three kinds of SORs, simple SORs with a generatrix line of a straight line, tall-thin SORs, and short-wide SORs with a generatrix line of a curve are selected to make a comparison between the curvature computation method and the proposed method.
Simple SORs
Two kinds of simple SORs, a cylinder and a frustum of a cone, are selected for comparison. Figure 9b shows a point cloud of a cylinder with 148,400 points, which is a section of big timber construction in the Imperial Palace shown in Figure 9a . Figure 10a shows a point cloud of a frustum of a cone (which is a traffic cone) with 89,528 points. Table 2 , the RMS error of the reconstructed SOR of the frustum of a cone is 0.29 322 mm, which is much better than 0.56 mm obtained by the curvature computation method. The 323 percentage improvement of accuracy is 41.1%, which is much more than that of the reconstructed 324 SOR of the cylinder. Moreover, as shown in Figure 10 (c) and Figure 10(d) , the reconstructed SOR of 325 the frustum of a cone by the curvature computation method deviates from the position of the 326 corresponding point cloud, especially for the upper part of the reconstructed SOR. The reason is that 327 there are some overflow points in the point cloud of the frustum of a cone. This indicates that the 328 proposed method has a higher denoising performance. Furthermore, without the requirement of 329 calculating the normal vectors of point clouds, the proposed method's efficiency is greatly improved. 330
As shown in Table 2 , for the two kinds of simple SORs, the time efficiency is increased by about 50%. 331 332 better compactness than that of the curvature computation method. In order to evaluate the accuracy 317 of the reconstructed SORs, the RMS error of each reconstructed SOR is calculated. For the 318 reconstructed SOR of a cylinder, as shown in Table 2 , the RMS error of the reconstructed SOR of the 319 cylinder is 0.29 mm, which is much better than 0.42 mm obtained by the curvature computation 320 method. The percentage improvement of accuracy is 30.1%. For the reconstructed SOR of a frustum 321 of a cone, as shown in Table 2 , the RMS error of the reconstructed SOR of the frustum of a cone is 0.29 322 mm, which is much better than 0.56 mm obtained by the curvature computation method. The 323 percentage improvement of accuracy is 41.1%, which is much more than that of the reconstructed 324 SOR of the cylinder. Moreover, as shown in Figure 10 (c) and Figure 10 (d), the reconstructed SOR of 325 the frustum of a cone by the curvature computation method deviates from the position of the 326 corresponding point cloud, especially for the upper part of the reconstructed SOR. The reason is that 327 there are some overflow points in the point cloud of the frustum of a cone. This indicates that the 328 proposed method has a higher denoising performance. Furthermore, without the requirement of 329 calculating the normal vectors of point clouds, the proposed method's efficiency is greatly improved.
330
As shown in Table 2 , for the two kinds of simple SORs, the time efficiency is increased by about 50%. 331 332 Considering the effects of the irregularity and errors of the acquired point clouds, overflow points processing and the total least squares method are adopted during the process of extraction of the generatrix line, which can improve the accuracy of the acquired point set of the generatrix line. As shown in Figures 9 and 10 , the reconstructed SORs by the proposed method have a much better compactness than that of the curvature computation method. In order to evaluate the accuracy of the reconstructed SORs, the RMS error of each reconstructed SOR is calculated. For the reconstructed SOR of a cylinder, as shown in Table 2 , the RMS error of the reconstructed SOR of the cylinder is 0.29 mm, which is much better than 0.42 mm obtained by the curvature computation method. The percentage improvement of accuracy is 30.1%. For the reconstructed SOR of a frustum of a cone, as shown in Table 2 , the RMS error of the reconstructed SOR of the frustum of a cone is 0.29 mm, which is much better than 0.56 mm obtained by the curvature computation method. The percentage improvement of accuracy is 41.1%, which is much more than that of the reconstructed SOR of the cylinder. Moreover, as shown in Figure 10c ,d, the reconstructed SOR of the frustum of a cone by the curvature computation method deviates from the position of the corresponding point cloud, especially for the upper part of the reconstructed SOR. The reason is that there are some overflow points in the point cloud of the frustum of a cone. This indicates that the proposed method has a higher denoising performance. Furthermore, without the requirement of calculating the normal vectors of point clouds, the proposed method's efficiency is greatly improved. As shown in Table 2 , for the two kinds of simple SORs, the time efficiency is increased by about 50%. 
Tall-Thin SORs
Two tall-thin SORs are selected as the experimental objects in this paper; one is a point cloud of a vase in the Imperial Palace with 36,114 points, as shown in Figure 11a ,b, and the other is a point cloud of a pillar of an ancient building in the Imperial Palace with 20,697 points, as shown in Figure 12a ,b. Like the reconstructed simple SORs, by using the proposed method, the RMS errors of the two reconstructed tall-thin SORs are much better than that of the curvature computation method, as shown in Table 3 . For the reconstructed SOR of a vase, the RMS error of the reconstructed SOR of the cylinder is 0.24 mm, which is much better than 0.35 mm obtained by the curvature computation method, and the accuracy of percentage improvement is 31.4%. For the reconstructed SOR of a pillar, the RMS error of the reconstructed SOR of the cylinder is 0.30 mm, which is much better than 0.43 mm obtained by the curvature computation method, and the percentage improvement of accuracy is 30.2%. Especially for the area shown in red rectangles in Figures 11c and 12c , there are some deviations between the original point cloud and the reconstructed SORs. Therefore, the tall-thin SORs reconstructed by the proposed method have a much better compactness compared with the curvature computation method, which is shown in Figures 11 and 12 . The efficiency is also greatly improved for the reconstructed tall-thin SORs by the proposed method. As shown in Table 3 , the percentage improvement of time efficiency is 25.1% and 26.5% for the reconstructed tall-thin SORs of a vase and a pillar, respectively, which are lower than that of the simple SORs with a straight generatrix line. This indicates that the proposed method is more efficient for simple SORs with a straight generatrix line. Therefore, the tall-thin SORs reconstructed by the proposed method have a much better compactness 360 compared with the curvature computation method, which is shown in Figure 11 and Figure 12 . The 361 efficiency is also greatly improved for the reconstructed tall-thin SORs by the proposed method. As 362 shown in Table 3 , the percentage improvement of time efficiency is 25.1% and 26.5% for the 363 reconstructed tall-thin SORs of a vase and a pillar, respectively, which are lower than that of the 364 simple SORs with a straight generatrix line. This indicates that the proposed method is more efficient 365 for simple SORs with a straight generatrix line. 
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Reconstructed SOR of the pillar of an ancient building by the proposed method, and (f) Cross-section 378 of the reconstructed SOR of the pillar of an ancient building by the proposed method. Two short-wide SORs are selected as the experimental objects; one is a point cloud of a pot in 383 the Imperial Palace with 49,673 points, as shown in Figure 13 (a) and 13(b) , and the other is a point 384
379
cloud of a ceramic in the Imperial Palace with 15,783 points, as shown in Figure 14 (a) and 14(b) . Like 385 the tall-thin SORs reconstructed by the proposed method, the RMS errors of the two short-wide SORs 386 are also much better than that of the curvature computation method, as shown in Table 4 . Especially 387
for the reconstructed SOR of a pot, the percentage improvement of accuracy is up to 58.8%. 388
Obviously, as shown in Figure 13 (c), it is a sloping reconstructed SOR compared with the original 389 point cloud, which is caused by the poor quality of the acquired normal of the point cloud of the pot 390
by the curvature computation method. The efficiency is also greatly improved for the reconstructed 391
short-wide SORs by use of the proposed method. As shown in Table 4 , the percentage improvement 392 of time efficiency is 25.1% and 28.1% for the reconstructed short-wide SORs of a pot and a ceramic, 393
respectively, which is similar to reconstructed tall-thin SORs. This indicates that the percentage 394 improvement of time efficiency is almost identical for both tall-thin SORs and short-wide SORs by 395 Two short-wide SORs are selected as the experimental objects; one is a point cloud of a pot in the Imperial Palace with 49,673 points, as shown in Figure 13a ,b, and the other is a point cloud of a ceramic in the Imperial Palace with 15,783 points, as shown in Figure 14a ,b. Like the tall-thin SORs reconstructed by the proposed method, the RMS errors of the two short-wide SORs are also much better than that of the curvature computation method, as shown in Table 4 . Especially for the reconstructed SOR of a pot, the percentage improvement of accuracy is up to 58.8%. Obviously, as shown in Figure 13c , it is a sloping reconstructed SOR compared with the original point cloud, which is caused by the poor quality of the acquired normal of the point cloud of the pot by the curvature computation method. The efficiency is also greatly improved for the reconstructed short-wide SORs by use of the proposed method. As shown in Table 4 , the percentage improvement of time efficiency is 25.1% and 28.1% for the reconstructed short-wide SORs of a pot and a ceramic, respectively, which is similar to reconstructed tall-thin SORs. This indicates that the percentage improvement of time efficiency is almost identical for both tall-thin SORs and short-wide SORs by the proposed method. 
Comparison with Surface Reconstruction Methods
A pillar of an ancient building was selected to compare the Delaunay-based method, the Poisson method, the RBF method, and the proposed method. The point cloud is shown in Figure 12b . The reconstructed surfaces by the above four methods are shown in Figure 15 . The inspection from this figure highlights that: (1) As the reconstructed triangular facets are made through each point by the Delaunay-based method, it has a minimum RMS error of 0.06 mm among the four surface reconstruction methods. However, with the influence of the quality of the point cloud, as shown in Figure 15a , it often produces some holes on the reconstructed surface. Although the surface reconstructed by the Poisson method and the RBF method also have smaller RMS errors (Table 5) , the Poisson method often suffers from a tendency to over-smooth the data. The RBF method is based on the Hermite radial basis function to approximate a surface, which may cause some distortion of the reconstructed surface due to a lack of smoothness, as shown in Figure 15c . Therefore, considering the geometric characteristics of SORs, the proposed method has a higher accuracy of SOR reconstruction and good robustness. (2) As shown in Table 5 , the most time efficient method of surface reconstruction is the proposed method. 
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Reconstructed SOR by the proposed method. 
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Accuracy Analysis 434
To evaluate the reliability of the proposed method, three different types of SORs, including a 435 simple SOR, a tall-thin SOR, and a short-wide SOR, underwent accuracy analysis with different 436 sampling rates of 100%, 75%, 50%, and 25% for the original point clouds by the use of the VoxelGrid 437 
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To evaluate the reliability of the proposed method, three different types of SORs, including a simple SOR, a tall-thin SOR, and a short-wide SOR, underwent accuracy analysis with different sampling rates of 100%, 75%, 50%, and 25% for the original point clouds by the use of the VoxelGrid filter. The reconstructed SORs for the three different types of SOR with different sampling rates are shown in Figure 16 , Figure 17 , and Figure 18 , respectively. The inspection of the reconstructed SORs clearly highlights that: (1) With decreased sampling rate of point clouds, the accuracy of the reconstructed SORs was also reduced. As shown in Table 6 , for the point clouds with a sampling rate of 100% and 75%, the RMS errors of the reconstructed SORs were better than 1 mm for the above three different type SORs. However, for the point clouds with a sampling rate of 50% and 25%, the RMS errors of the reconstructed SORs increased. The reason is that the accuracy of the reconstructed SORs is determined by the accuracy of the obtained generatrix line, which is determined by the sampling interval of the original point clouds. (2) Although different sampling rates of the original point clouds produced different accuracies of the reconstructed SORs, even for the 25% sampling rate, the reconstructed SORs recovered the true shape of the model, which validated the reliability of the proposed method. shown in Figure 16 , Figure 17 , and Figure 18 , respectively. The inspection of the reconstructed SORs 439 clearly highlights that: (1) With decreased sampling rate of point clouds, the accuracy of the 440 reconstructed SORs was also reduced. As shown in Table 6 , for the point clouds with a sampling rate 441 of 100% and 75%, the RMS errors of the reconstructed SORs were better than 1 mm for the above 442 three different type SORs. However, for the point clouds with a sampling rate of 50% and 25%, the 443 RMS errors of the reconstructed SORs increased. The reason is that the accuracy of the reconstructed 
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Reconstructed SOR with a sampling rate of 50%, and (d) Reconstructed SOR with a sampling rate of 462 50%. 
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Discussion
This paper explored an automatic, self-adaptive SOR reconstruction method for generatrix line extraction from point clouds, with the purpose of improving the efficiency and accuracy of SORs reconstruction. Based on the results of the aforementioned experiments, there are three issues that need to be discussed:
(1) As there is no need for calculating the normal of point clouds, by using the proposed method, the RMS errors of all the reconstructed SORs have a consistent accuracy, which was better than 0.3 mm. However, when using the curvature computation method, the quality of the reconstructed SORs is determined by the local surface characteristics and the quality of original point cloud [22] , and the corresponding RMS errors range from 0.33 mm to 0.70 mm for the aforementioned experiments. Yang et al. [18] achieved about 1 mm accuracy for radius estimation by dense Simultaneous Localization and Mapping (SLAM). Son et al. [24] achieved a normalized mean error range from 2.74% to 3.68% for seven types of pipelines with radii ranging from 76.2 mm to 304.6 mm by using Leica ScanStation C10, which has an approximately 2 mm spot size at a distance of 10 m in a medium-density scan setup. Therefore, although the proposed method can only reconstruct SORs, it is more robust than the curvature computation method, and ensures consistently high accuracy of the reconstructed SORs. In addition, the proposed SORs reconstruction method was compared with other surface reconstruction methods, including the Delaunay-based method, the Poisson method, and the RBF method. The Delaunay-based method often produces holes in the reconstructed surface [33] , the Poisson method often suffers from a tendency to oversmooth the data [34] , and the RBF method may cause some distortions on the reconstructed surface [35] . Therefore, considering the geometric characteristics of SORs, the proposed method is robust and has high accuracy and efficiency for SORs reconstruction.
(2) The accuracy of SORs reconstruction is greatly influenced by the sampling rate of the original point cloud. With decreased density of point clouds, the accuracy of the reconstructed SORs also decreases. In this study, four different sampling rates of 100%, 75%, 50%, and 25% of the original point cloud were selected in the accuracy analysis of three different types of SORs. With the decrease of sampling rate of the original point cloud, the accuracy of the reconstructed SORs was reduced greatly. The reason is that a generatrix line of a SOR is extracted from a point set from the extract projection profile. If the density of a point cloud is reduced, there may not be enough points to describe the detail of the generatrix line of a SOR, i.e., the lower the sampling rate of the original point cloud, the fewer points in the point set of the generatrix line of a SOR [36] . Therefore, the quality of SORs reconstruction relates to the density of the original point cloud; meanwhile, more points increase the memory and time consumption [37] [38] [39] .
(3) In this study, the original point cloud contained only one SOR without outliers for automatic SORs reconstruction. However, there are many different types of point clouds, such as a point cloud with mainly one SOR-type surface without outliers, a point cloud containing many SOR-type surface, a point cloud containing only one SOR-type surface, but with other points not belonging to the surface, and a point cloud with mainly one SOR-type surface and a small percentage of outliers [40] . Therefore, if the original point cloud contains many SOR-type surfaces, point cloud segmentation should be performed to extract each SOR-type surface. Also, if the original point cloud contains other points not belonging to the surface and a small percentage of outliers, preprocessing is necessary to ensure the obtained point cloud only contains one SOR-type surface without redundant points and outliers. In this study, the outliers of the point cloud are removed by using the KD tree neighborhood search algorithm, the projection profile of a SOR is extracted by integrating the TIN model and the RANSAC algorithm, and the generatrix line is extracted by the linear fitting method, which improve the robustness the reconstructed SOR.
Conclusions
In this paper, an automatic, self-adaptive SOR reconstruction algorithm is proposed to extract the generatrix line of SORs from point clouds. Compared with the curvature computation method, as there is no need to calculate the normal of point clouds nor to set too many thresholds, the efficiency and accuracy of SORs reconstruction is greatly improved. More specifically, the results presented in the paper clearly highlight that:
(1) By the use of OBB, the efficiency of rotation axis extraction of SORs can be greatly improved. In addition, in order to avoid false extraction of the rotation axis of SORs, relative deviation and quaternion rotation are integrated to automatically extract the rotation axis among the three axial directions for both tall-thin and short-wide SORs. Furthermore, by the use of quaternion rotation to rotate the extracted axial directions to the Z-axis, it is easy to extract the projection profile of the point cloud. At the same time, the TIN model and RANSAC algorithm are integrated to extract the projection profile of the SOR, which improves the robustness of the extracted projection profile.
(2) By the use of the proposed method, the reconstructed SORs have consistent accuracy, the RMS errors of which are better than 0.3 mm. Meanwhile, with the advantage of not needing to calculate the normal vectors of point clouds, it can greatly improve the efficiency of SORs reconstruction by the use of extremum searching method with overflow point processing. The type of the generatrix line is automatically determined by taking the smaller RMS error of either linear fitting or quadratic curve fitting. As a result, compared with the curvature computation method, for simple SORs, the efficiency of SORs reconstruction can be increased by more than 50%, and by more than 25% for complex SORs.
(3) With different sampling rate of the original point cloud, even for sampling rate of 25%, the proposed method can still reconstruct the true shape of SORs, which indicates that the proposed method is robust for SORs reconstruction. However, with the decrease of sampling rate of the original point cloud, the accuracy of the reconstructed SORs was also greatly reduced. Therefore, if one wants to obtain a reconstructed SOR with high accuracy, one needs to ensure a high density of the original point cloud.
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